Family data teamed with the transmission/disequilibrium test (TDT), which simultaneously evaluates linkage and association, is a powerful means of detecting disease-liability alleles. To increase the information provided by the test, various researchers have proposed TDT-based methods for haplotype transmission. Haplotypes indeed produce more-definitive transmissions than do the alleles comprising them, and this tends to increase power. However, the larger number of haplotypes, relative to alleles at individual loci, tends to decrease power, because of the additional degrees of freedom required for the test. An optimal strategy would focus the test on particular haplotypes or groups of haplotypes. In this report we develop such an approach by combining the theory of TDT with that of measured haplotype analysis (MHA). MHA uses the evolutionary relationships among haplotypes to produce a limited set of hypothesis tests and to increase the interpretability of these tests. The theory of our approach, called the "evolutionary tree" (ET)-TDT, is developed for two cases: when haplotype transmission is certain and when it is not. Simulations show the ET-TDT can be more powerful than other proposed methods under reasonable conditions. More importantly, our results show that, when multiple polymorphisms are found within the gene, the ET-TDT can be useful for determining which polymorphisms affect liability.
Introduction
Linkage and association between disease status and marker alleles can help pinpoint a liability locus that affects a complex disease or phenotype. To circumvent spurious associations arising from population heterogeneity, Falk and Rubinstein (1987) proposed using the alleles transmitted from parents to their affected offspring as case observations and using untransmitted alleles as control observations. From their insight evolved the transmission/disequilibrium test (TDT) (Spielman et al. 1993) . For families containing affected offspring, such as affected sib pairs with parents, the TDT uses the distribution of marker alleles within and among families to test for linkage and association while controlling for population heterogeneity (Ewens and Spielman 1995) . The power of the TDT in this setting has been amply demonstrated by the original analysis of insulin-dependent diabetes mellitus and a 5 flanking polymorphism of the insulin locus (Spielman et al. 1993 ) and by subsequent power analyses (e.g., Risch and Merikangas 1996; Knapp 1999) . For these reasons, the TDT and allied tests have become a favorite tool for analysis of genetic linkage and of association in complex diseases.
A stringent requirement of the original TDT is the definitive transmission of alleles from parents to offspring. Therefore, for a single marker, at least one parent must be heterozygous. Even then, transmissions may not be obvious when parents and offspring are all heterozygous for the same biallelic marker. To increase definitive transmissions, several authors have proposed TDT tests using haplotypes (e.g., Lazzeroni and Lange 1998; Merriman et al. 1998; Clayton and Jones 1999; Clayton 1999; Rabinowitz and Laird 2000; Zhao et al. 2000) . In all but the most extreme case of absolute association, transmissions from parents to offspring are more informative for haplotypes than for single markers. One trade-off, however, is the increase in the degrees of freedom of the test: in general, for M realized haplotypes, the tests follow a x 2 distribution, having df under M Ϫ 1 the null hypothesis of no linkage or association.
Because of the trade-off between the informativeness of genetic transmission and the increase in degrees of freedom, it is unclear, a priori, whether single-locus or haplotype-based approaches are best. Ideally there would be some way of focusing TDT-type tests on particular haplotypes or sets of haplotypes, thereby increasing both the power of the test and the informativeness of transmissions. There are many ways to group haplotypes. For example, Clayton and Jones (1999) suggest limiting the number of parameters by using a random-effects model.
Figure 1
Genealogy of a sample of haplotypes, showing time intervals between coalescent events. Superimposed on this evolutionary process are the mutations that lead to the polymorphisms under study (unfilled diamonds) and the disease polymorphism itself (filled diamond). Notice that a haplotype possesses each mutation that preceded it in the evolutionary process.
A relatively unexplored method of grouping haplotypes, at least for TDT-type analyses, is to exploit the evolutionary relationships among them. Notably, for both random (Templeton et al. 1987 (Templeton et al. , 1988 (Templeton et al. , 1992 Templeton and Sing 1993; Hallman et al. 1994 ) and casecontrol (Templeton 1995) samples, measured haplotype analysis (MHA) has been proposed and used as a means of grouping haplotypes on the basis of evolutionary relationships. To our knowledge, this option has not yet been explored in the TDT setting. The guiding framework of MHA is the cladogram, an unrooted tree of haplotypes. This tree presumably mirrors, as closely as is possible, the mutational process by which the current array of haplotypes evolved.
To guide the grouping of haplotypes, we transfer the ideas of MHA to family-based studies. After a cladogram has been established for the observed haplotypes, one seeks clusters of haplotypes on the cladogram (i.e., clades) that share a common predisposition to disease. This approach potentially increases the power of the TDT test by presenting a reduced number of haplotype groupings for use in testing the transmission-equilibrium null hypothesis. The haplotypes within a clade that are associated with a statistically significant increase in transmission rates are likely to contain functional DNA sequence variations that have a direct impact on the phenotype. These functional variations may involve the polymorphisms defining the haplotype, or they may simply be unmeasured polymorphisms in tight linkage disequilibrium with these haplotypes. Thus, an important advantage of MHA is that the structure of the "associated" portion of the cladogram directs the search for undetected, causal polymorphisms, as well as providing clues to the potential causal effects of the polymorphisms comprising the haplotypes.
In this report, we develop the evolutionary tree (ET)-TDT in two settings: when haplotypes can be determined with certainty and when they cannot. For the latter setting, we adapt many of the results of Clayton (1999). Clayton's methods use the population haplotype frequencies to estimate the missing haplotypes via a partial-likelihood argument. The approach has been shown by simulations to be insensitive to violations of modeling assumptions (Cervino and Hill 2000) .
Background
The evolutionary history of a sample of haplotypes can be represented by a coalescent process joining individuals/ haplotypes to most-recent common ancestors (MRCA)
Figure 2
Cladogram of haplotypes from the genealogy depicted in figure 1. The founder is labeled as A, and, working from the root of the tree onward, each new form of haplotype is labeled in the order of occurrence of marker mutations (see open diamonds in fig. 1 ) to obtain haplotypes B-L. in the distant past (Kingman 1982) ; see Hudson (1990) for a general description of the "coalescent." Templeton et al. (1987) note that the disease mutations are embedded in the coalescent process. Figure 1 provides a heuristic example. The nodes at the bottom of the figure represent the current sample of haplotypes, and each node in the tree indicates the MRCA of the lineages beneath them. Superimposed on this evolutionary process, the population of haplotypes experiences mutations that lead to the polymorphisms under study (open diamonds) and the disease polymorphism itself (closed diamond). A haplotype possesses each mutation that preceded it in the evolutionary process.
In this particular example ( fig. 1 ), assuming the causal mutation is not measured, 11 distinct haplotypes are observed in the sample: the MRCA of all the haplotypes (founder) and the 10 new haplotypes created by the 11 depicted mutations. Label the founder as A, and, working from the root of the tree onward, label each new haplotype in the order of occurrence of marker mutations to obtain haplotypes B-L; notice that B is not observed in the extant population. With this one exception, each observed haplotype can be connected to another that differs by a single mutation. Three of the haplotypes (A, H, and J) have the disease mutation embedded in their history, but the remaining seven do not. If there were no other disease mutations in this chromosomal region, these seven haplotypes would share a common probability of being associated with a disease outcome, and the three haplotypes bearing the disease mutation would share a different common probability. Notice the scenario would become more complex if the third marker mutation from the founder were not measured: in this case, D merges with A, and some of these haplotypes do not have the disease mutation; hence, on average, the relative risk of this haplotype is lower than that of the other two mutation-bearing haplotypes (H and J).
If the time at which the mutational events occurred is ignored, the remaining information contained in the rooted tree ( fig. 1 ) emerges as an unrooted tree called a cladogram ( fig. 2) , with edges representing mutations that result in new haplotypes. Such a cladogram can be reconstructed from a sample of haplotypes, using the method of maximum parsimony, as implemented in the computer program PAUP (Swofford 1998) . The parsimony algorithm finds the unrooted tree that connects the observed haplotypes, while using the minimum number of mutations. Although the method of parsimony does not use the frequency of the haplotypes in the sample, it has been found to be a robust and effective tool for reconstructing evolutionary relationships (Swofford et al. 1996) .
To understand the impact of apolipoprotein B (apo B) polymorphisms on cholesterol, Hallman et al. (1994) studied the evolutionary relationships among a set of apo B haplotypes (table 1), as determined by maximum parsimony ( fig. 3 ). We use these data and the cladogram throughout this report. Each haplotype in the cladogram is separated by a single mutational step, and, with the exception of haplotype K, uncommon haplotypes appear at the external nodes. The five loci measured in this study are in tight linkage disequilibrium (see table  5 of Hallman et al. [1994] ), suggesting that recombination in this region is rare.
The cladogram in figure 3 has been divided into subgroups (clades) by the algorithm of Templeton et al. (1987) . The individual haplotypes (C, D, F, G, H, and J), occurring as leaves (terminal nodes) on the tree, rep-
Figure 3
Cladogram of haplotypes from Hallman et al. (1994) , as presented in table 1. Subdivisions of the cladogram were produced by the algorithm of Templeton et al. (1987) . Zero-step clades are labeled A-K; one-step clades are labeled I, II, and III; and two-step clades are labeled L and R. resent zero-step clades. Clades I, II, and III represent one-step clades, produced by moving backward one mutational step from the zero-step clades toward internal nodes to produce clusters of haplotypes. When this procedure is repeated, the one-step clades cluster to produce the two-step clades L and R. In the final step, these two clusters are combined to form a single three-step clade.
We adapt the cladistic approach for family-based association analysis. Our adaptation, the ET-TDT, provides some additional power, compared with standard tests for evolutionary scenarios similar to that depicted in figures 1 and 2. As illustrated later in this report, there are some evolutionary scenarios for which one loses some power. Nonetheless, like MHA itself, the most important feature of ET-TDT is its ability to guide the search for mutations that directly affect liability to disease.
For the ET-TDT, suppose the cladogram has M nodes, each having a distinct b k that measures the relative risk. Instead of conducting an omnibus test (TDT all ) with df, the cladogram delineates a set of sensible M Ϫ 1 comparisons for equality among haplotypes. We will call the rules that describe the set of tests the "cladogram-collapsing algorithm"-even though it is the parameters associated with a clade, not the nodes of the cladogram, that are collapsed to a common value. The objective of the cladistic approach is to find the most parsimonious model that is consistent with the data. If the disease is not linked to or associated with any of the measured haplotypes, then the cladogram-collapsing algorithm should declare that every haplotype has the same relative risk.
We describe the cladogram-collapsing algorithm in the context of the cladogram in figure 3. At any step in the algorithm, a "full model" is required. This is the model from which a score test, which will be described in the following sections, is derived. The full model is the same within each step, but it changes between steps, depending on results in the previous step.
Zero-Step Clade
Begin with a full model that has distinct parameters at nodes A-K ( ; fig. 3 ). Test whether any of the M p 9 zero-step clades has relative risk equal to the nearest internal node; for example, test
. Each of the six
tests so defined has 1 df, and each is performed independently. For example, suppose that all the nodes in clade I, except C, have equal bs, and suppose that both of the nodes in clade II have equal bs and that the nodes (B and G) in clade III have equal bs.
One-Step Clade
Next, with conditions based on the previous results, the new full model sets the appropriate parameters as equal (a reduction to in our example). Test for M p 6 equality of the parameters associated with the one-step clades within the two-step clades (L and R). In our example, clade (J, E, F) is compared with clade (A, H), and clade (G, B) is compared with clade K.
Two-Step Clade
The new full model constrains bs to be equal within any two-step clade remaining from the previous step. For example, assuming the null hypothesis has not been rejected in either of the two tests in the previous step, . Next, test the equality of the parameters asso-M p 4 ciated with the two-step clades; that is, consider collapsing (J, E, F, A, H) with (G, B, K). If this reduction is not rejected, then the final cladogram has three distinct sets of parameters: a distinct b is associated with each of the following: clades C, D, and (A, B, E, F, G, H, J, K). Notice that in the process of moving through the cladogram, nine 1-df tests were conducted, rather than a single 9-df test.
ET-TDT Analysis with No Missing Data
We initially develop the method assuming no data are missing, which is our shorthand for completely specified transmission of haplotypes from parents to offspring, and then extend it to the typical situation in which parental genotypes and/or haplotype-phase information are missing. The first step of the analysis is to construct a cladogram from the parental haplotypes. The next step is to conduct a series of hypothesis tests to discover the most parsimonious set of parameters consistent with the cladogram and the data.
Assume that the data consist of parent/affected offspring trios, with known haplotype phases. Suppose that M distinct haplotypes are observed in the sample. Define n ij as the number of heterozygous parents with the haplotype pair (i, j). The transmission data may be recorded as , the number of times that a parent with x i/j haplotypes (i, j) transmits i to the affected offspring. By conditioning on the n ij s, it follows that X ∼ When no data are missing, the full likelihood from each family trio is expressed as the probability of observing the parental haplotypes multiplied by the conditional probability of the offspring's haplotypes, given the parental haplotypes:
. If the corre-
L p L # L sponding log-likelihood contributions are denoted by l, the log likelihood decomposes additively: (F) ( P) l p l ϩ . As noted above, for each family, corresponds
l L to a Bernoulli random variable that depends only upon b. Pooling the data from all mating types results in a likelihood composed of a product of independent binomial random variables.
The parental likelihood, L (P) , is obtained assuming that the haplotypes are approximately in Hardy-Weinberg equilibrium with haplotype relative frequencies . Thus, the probability that a parent drawn at random w i from the population with genotype is
In a population of cases, the corresponding haplotype relative frequency is . Notice that the * b b i j w p w e / w e i i j j likelihood contribution obtained from observing the haplotypes of the parents, L (P) , also contributes information about b, but this information is confounded with the haplotype frequencies in the population. Thus, when no data are missing, inferences robust to population stratification are traditionally based on L (C) only. Detailed expressions for the likelihood of a trio are given in Appendix A.
In this analysis, we assume that (1) the relative risk of a genotype is adequately modeled by the product of haplotype effects and (2) the cladogram can be correctly inferred. Implicit in the second assumption is the requirement that recombinations between markers are rare, so that the history of the haplotypes can be described by a mutation tree. This assumption is not unduly restrictive; in general, only if the region is in tight linkage will there be substantial association between haplotypes and an embedded disorder-associated mutation. In our simulations, we we examine the robustness of our inferences to violations of the second assumption.
With the cladistic approach, external clades are compared with internal clades to determine whether the two have equal risk. Let S and T represent the internal and external clades, respectively. To test , we develop b p b S T a score test, which is described in Appendix B. To test this hypothesis, we require estimates of the remaining bs, which are obtained by maximizing the likelihood under this constraint. For a cladogram with M nodes, we suggest conducting score tests, each with 1 df, following the M Ϫ 1 cladogram-collapsing algorithm. (Recall that it is the parameters, not the haplotypes themselves, that are collapsed into common clades. A parent with two distinct haplotypes within a common clade is still considered to be heterozygous.) The procedure terminates when no further reductions are possible for a given significance level of
. If the cladogram-collapsing procea/(M Ϫ 1) dure results in a cladogram that possesses K 11 distinct parameters associated with the clades, then conclude that a disease-susceptibility locus is likely to be embedded within the region under study and that the deleterious allele is likely to be associated with the clade(s) exhibiting higher estimated levels of risk. We note, however, that these conclusions are only valid if the sample size for each haplotype is sufficiently large. Uncommon haplotypes may invalidate the asymptotic results; see the section entitled "ET-TDT Analysis with Missing Data" for a discussion of the estimation of the cladogram and the treatment of uncommon haplotypes. For small samples, we recommend that a permutation-type test be conducted to obtain P values (e.g., Morris et al. 1997) . Generate N data sets, each using the following algorithm: 
ET-TDT Analysis with Missing Data
We now extend the methods to account for ambiguity of haplotypes, which we refer to as the "missing-data" case. We assume that, from each family, one affected offspring is sampled along with parents and/or some siblings (parents and siblings may be unaffected or of unknown status). Multiplex families can be analyzed with our methods, but they substantially complicate the likelihood (Clayton 1999 ). For our purposes, then, additional siblings of unknown or unaffected status will be used only to help infer the missing information about the haplotypes of the parents.
To generalize the ET-TDT for missing data, we follow Clayton (1999) by formulating a partial-likelihood model. In this instance, the full likelihood no longer factors into two components: the likelihood attributable to parental haplotypes, L (P), versus the likelihood of transmission of haplotypes to affected offspring, L (C) . Although the primary inferences will be based upon L (C) , multiple configurations of haplotypes can be consistent with the observed data for a trio. L (P) is now needed to weight the likelihood over this set of plausible haplotype configurations. Clayton's partial-likelihood approach represents a robust and powerful compromise between using the full likelihood and using only those families with no missing data (Cervino and Hill 2000) . Although this method has some potential for bias under extreme population admixture, it is clearly superior to either of the two options just mentioned, both of which are biased.
For incomplete data, the ith family may be consistent with a set of possible haplotypes and transmissions, each giving a different likelihood contribution. If the observed data from the ith family are consistent with a set of scenarios P i , the score is obtained as a weighted average of particular scenarios consistent with P i . Detailed expressions for the score test are given in Appendix C.
Summary of the Test Procedure
1. Estimate the cladogram and collapse sparse nodes into neighboring nodes so that no node is uncommon. M refers to the number of nodes remaining after this collapse.
2. Organize the cladogram by clades, using the Templeton et al. algorithm.
3. Perform a score test for each potential collapse determined by the cladogram-collapsing algorithm.
(a) Estimate the constrained-nuisance parameters using the expectation-maximization (EM) algorithm (Appendix D).
(b) Compute the score test (Appendix C).
(c) If P 1 , assume the parameters are equal a/(M Ϫ 1) for the two nodes (or clades).
4. Use the permutation procedure described in the section entitled "ET-TDT Analysis with No Missing Data," to obtain a P value, with one modification. For each iteration of the permutation procedure, randomly select one consistent setting for the parents' haplotypes from set P for each family with incomplete data. Simulate the affected offspring, using the selected parental haplotypes.
Constructing a Haplotype Cladogram
For some of the families, the haplotypes will be directly observable using the genotype-elimination algorithm (Lange 1997 ). More of the haplotypes can be inferred with a high degree of accuracy by use of Clark's (1990) algorithm, which infers uncertain haplotypes from the set of observed haplotypes. We suggest that this collection of haplotypes be used to build an unrooted cladogram, using PAUP (Swofford 1998) .
Next, the set of families with unresolved haplotype configurations should be examined to determine whether their multilocus genotypes are consistent with any pair of haplotypes, each of which deviates from the nodes in the cladogram by, at most, one step. Include all of these nodes in the cladogram. Because these unambiguous haplotypes have not been directly observed in the population, it seems safe to assume they are uncommon. Hence, this somewhat arbitrary rule will have little or no impact on the analysis. At this point, the multilocus genotypes from virtually all families should be consistent with subsets of haplotypes that constitute the cladogram, and families that do not meet this condition should be removed from the analysis. Assuming the data are highly informative, the data set now has two features: (1) the deduced cladogram includes all but the most uncommon haplotypes from the population; and (2) all the families are consistent with at least one subset of haplotypes in this cladogram. If the data are only weakly informative, the problem should be recast, as described in the Discussion, or haplotype analysis should be avoided.
Assuming that the cladogram includes the full set of haplotypes, set and estimate w, using the EM alb p 0 gorithm described in Appendix D. Collapse any nodes that have very small expectation under the null hypothesis-for example, any with . This rule differs 2nw ! 10 k from the cladogram-collapsing algorithm in that the pooled haplotypes are treated as a single haplotype. If the cladogram is extremely complex, a liberal amount of pooling will reduce the degrees of freedom in the test and could enhance the power.
Two types of variability can cause errors in the estimated evolutionary history of a set of haplotypes: sampling error and evolutionary error. In sampling error, the observed frequencies of the haplotypes differ from the frequencies in the population. Variability in haplotype frequencies has little influence on the cladogram built by the method of parsimony, because parsimony is affected by haplotype frequencies only in the weakest sense. The most obvious impact occurs when rare haplotypes are missing from the sample. Rare haplotypes typically are located at the external nodes of the cladogram; however, in this case, they have little practical consequence, because they should be pooled with the nearest internal node. If, by chance, an uncommon internal node is not sampled, then parsimony typically imputes the missing node to complete the graph.
Evolutionary error presents a much thornier problem, which will be described in more detail in the Discussion. At least two processes cause parsimony to inconsistently reconstruct the true evolutionary relationships among haplotypes: (1) a recombinational event early in history that disrupts tightly linked alleles; and (2) convergent evolution, a situation that may be expected if markers or the disease gene undergo frequent, recurrent mutation. Our methods condition on the reconstructed cladogram and therefore assume it is the true cladogram, because it would be difficult or impossible to account for evolutionary error with standard statistical methods. In the simulations in the next section, we investigate the impact of evolutionary error.
Simulations
Data were generated using the haplotypes and relative frequencies given in table 1. To test a range of evolutionary scenarios, we considered cases in which all the haplotypes within a clade associated with the disease share equal risk level (eq), other cases in which there is a gradient of risk levels within a clade (neq), incorrect cladograms resulting from recombination (rec), and errors in the reconstruction of the cladogram (clad). A total of 14 models were explored, each named by the symbols denoting the haplotypes associated with an increased relative risk. For model "null," none of the haplotypes was associated with the disorder. The next seven models mimicked an evolutionary history with a single ancestral mutation and a correct cladogram: for model C, only haplotype C was associated with the disorder ( ); for model BD-eq, haplotypes B and D were e p e p 1.6 model CE-eq, haplotypes C and E were associated with the disorder ( ); for model KBDG-eq, all
e p e p 1.6 the haplotypes in clade R were associated with the disorder ( ); for model BD-neq,
e p e p e p e p 1.6 and ; for model CE-neq, Because we had missing data, we used Clayton's TRANSMIT program to perform TDT tests for power comparisons (Clayton 1999) . We used two versions of the TDT test: the TDT all and the max-TDT test (which tests X vs. not X for all designated haplotypes, using a Bonferroni correction). With TRANSMIT we analyzed only those nodes with haplotype frequencies of у0.04, to avoid small cell counts. To compute the ET-TDT test, the cladogram was taken to be given as in figure 3 but with the following nodes collapsed and relabeled to avoid analyzing any haplotypes with extremely small counts , N p (K, B, and G) P p , and . (F, E, and J) Q p (A and H) Two hundred data sets were generated under each of the conditions considered. With the ET-TDT, we consider the null hypothesis to be rejected if . * p ! 0.05/4 In a power comparison, the ET-TDT was somewhat more powerful than the TDT all test for many scenarios; and in some cases, the difference was substantial (table 2). The relative power of the tests varied greatly by cladogram structure. For model KBDG-eq, where the entire clade has a common relative risk, ET-TDT had a slight edge in the power comparison. However, ET-TDT did not outperform the TDT all in two conditions where only a portion of the clade was associated with the disease (BD-eq and CE-eq). Other results were much more promising than expected. For instance, although KBDG-neq was comparatively harder to analyze successfully than KBDG-eq, in models BD-eq and CE-eq, creating a gradient of relative risks did not affect the relative performance of the ET-TDT. Even for models CBG-neq, DH-rec, and BK-rec-which were challenging because they had a configuration of haplotype effects that were not well supported by the cladogram-the power was greater for ET-TDT. This NOTE.-Each model is named by the symbols denoting the haplotypes associated with an increased relative risk with additional nomenclature indicating cases in which all the haplotypes within a clade associated with the disease share equal risk level (eq); cases in which there is a gradient of risk levels within a clade (neq); incorrect cladograms due to recombination (rec); and errors in the reconstruction of the cladogram (clad) robustness was not universal, however, as demonstrated by the lower power observed for model EFG-rec.
Compared with max-TDT, ET-TDT was considerably more powerful for most models. The most surprising result occurred for model C, where ET-TDT exhibited a substantial advantage in power. In addition, whenever more than one haplotype was associated with the disease, the TDT all test was more powerful than the max-TDT test, suggesting that the X-vs.-not-X collapsing of haplotypes is nonoptimal for the type of scenarios often envisioned to occur in cladistic analysis.
More noteworthy than the power differential, however, is the difference in interpretability. Let X-Y indicate that clades X and Y are significantly different. Consider model KBDG-eq and fully informative data: of 200 simulations, the cladogram collapsed to the correct model (CPQ-DN) 157 times and to the null model 37 times. Of the remaining six simulations, the model collapsed twice to (CPQ-D-N) and once each to (C-PQ-DN), (CP-QDN), (CP-Q-DN), and (CPQN-D). Thus, in nearly every case for which the method had power to detect a deviation from the null, the resulting collapsed cladogram guides the researcher to search for deleterious mutations within the appropriate clade of haplotypes.
With max-TDT, the output indicates only which haplotypes are declared significantly different from the others. For example, we might find (B), (B, E), (B, C, E), (A, B), or any other subset of haplotypes are significant. Upon closer inspection, if several haplotypes are significant, it can be determined which appear to be deleterious and which are protective. However, in our simulation, we find 19 different patterns of significant haplotypes from data generated under case 6, and no pattern is dominant. Consequently, had two different research teams investigated the same region, they would have been likely to report different results. Table 3 summarizes the results of the ET-TDT for the 14 models investigated. Although many collapses of the cladogram are possible, the results are summarized into categories. A fraction of the outcomes result in an essentially correct cladogram, which is subdivided into two levels, excellent or underinclusive. An outcome is excellent if it is either the true cladogram or if haplotypes with similar relative risk are pooled together. An outcome is underinclusive if at least one of the haplotypes with enhanced relative risk is identified, and others are grouped with null haplotypes. The remaining, significant outcomes are subdivided into two categories: informative and noninformative. Informative outcomes provide some guide for the discovery of liability alleles. For example, consider model CBG-eq. The correct cladogram, classified as excellent, is C-PQ-N-D. The outcome CPQ-N-D is underinclusive, because it failed to detect the enhanced risk associated with haplotype C. Outcome C-PQ-ND is considered informative, even though haplotype D is incorrectly grouped with null haplotypes. Finally, outcome CPQN-D is considered noninformative, because it provides no guidance about which haplotypes are more likely to possess enhanced risk. For many models, ET-TDT performs admirably (table 3) , essentially finding the correct cladogram for a majority of the cases. Some models, such as DH-rec, are inherently difficult to interpret. For example, because haplotype H is rare, it is pooled with A, and therefore the majority of the outcomes are classified as underinclusive.
Discussion
We present a method, which we call "ET-TDT," to test for excess transmission of haplotypes from parents to affected children. The ET-TDT uses the framework of the standard TDT for individual polymorphisms (Spielman et al. 1993) and extends it to the transmission of entire haplotypes. Several tests for excess haplotype transmission are compatible with the TDT framework (Wilson 1997; Lazzeroni and Lange 1998; Merriman et al. 1998; Clayton 1999; Clayton and Jones 1999; Dudbridge et al. 2000; Rabinowitz and Laird 2000; Zhao et al. 2000) . The ET-TDT is distinguished by its use of the evolutionary relationships among the observed haplotypes, as depicted by the cladogram, to produce an a "Excellent" indicates that the outcome is the true cladogram or that haplotypes with similar relative risk are pooled together.
b "Underinclusive" indicates that at least one of the haplotypes with enhanced relative risk is identified, whereas others are grouped with null haplotypes.
c "Informative" indicates that the outcome provides some guide for the discovery of liability alleles.
organized series of tests of differential transmission. The goal of these tests is to group-on the basis of their evolutionary relationships-haplotypes that have indistinguishable transmission rates. Readers will recognize immediately that the ET-TDT also inherits the concepts of MHA (Templeton et al. 1987 (Templeton et al. , 1988 (Templeton et al. , 1992 Templeton and Sing 1993; Hallman et al. 1994; Templeton 1995) .
The key assumption of MHA is that "if an undetected mutation with a phenotypic effect occurred at some point in the evolutionary history of the population, it would be embedded within the same historical structure represented by the cladogram" (Templeton et al. 1987 ; see fig. 1 and 2 in the present report). MHA has two notable features: (1) the distribution of phenotypes within the cladogram directs the search for causal polymorphisms, and (2) the evolutionary relationships can be used to direct nested analyses to reduce the number of comparisons, thereby increasing the power. MHA has enjoyed success in identifying genes affecting liability for coronary heart disease and other quantitative phenotypes (e.g., Keavney et al. 1998 ), but it can also be used in conjunction with standard case-control analyses (Templeton 1995) .
The sine qua non of MHA is the cladogram structure, which is usually constructed using maximum parsimony or maximum likelihood. Programs to develop these cladograms are readily available (e.g., PAUP; Swofford 1998). Conditional on the cladogram, the procedures for MHA are elaborated in detail in various reports (Templeton et al. 1987 (Templeton et al. , 1988 (Templeton et al. , 1992 Templeton and Sing 1993; Hallman et al. 1994; Templeton 1995) .
Those articles describe how (1) to adjust for cladogram uncertainty and the possibility of recombinant haplotypes, (2) to assess phenotypic associations of individuals who represent two haplotypes, (3) and to perform permutation tests when parametric assumptions fail.
Because ET-TDT also relies on the cladogram, the caveats for MHA extend to ET-TDT. Foremost among these caveats, the estimated cladogram should reflect the true evolutionary relationships among haplotypes to the extent possible. Thus, recombination and gene conversion in the region should be rare. When recombination is common, linkage disequilibrium will be small, and the evolution of haplotypes will not be reflected by the cladogram. As was recommended by Templeton et al. (1987) , researchers will want to evaluate the cladogram to determine whether this key assumption is plausible. If it is not, the genomic region should be examined to determine, a priori, whether subdivisions of the region yield results congruent with the assumption. There is no statistical penalty for this exploration, because it involves no hypothesis test. In the same way, recurrent disease mutations violate the key assumption of ET-TDT, because the cladogram will not represent the evolutionary process. In this case, however, we see no easy solution.
Haplotype uncertainty also has an impact on ET-TDT. For haplotype uncertainty, our recommendations follow Templeton et al. (1992) , with some adaptations of our own. We propose an algorithm, using Clark's (1990) method and the developing cladogram structure, to infer parental haplotypes. When this algorithm is used, only families presenting with highly unusual haplotypes should be eliminated from the analysis. To account for families whose multilocus genotypes are compatible with various sets of haplotypes, we develop a partial-likelihood model similar to that introduced by Clayton (1999) .
The simulations described in the present report evaluated the effect of haplotype and cladogram uncertainty on the performance of the ET-TDT. Although uncertainty clearly affects power, the test remains valid. For the scenarios we examined, the decrease in power in the face of uncertainty is not large. In fact, often ET-TDT has greater power despite the uncertainty (table 2) . In addition, ET-TDT offers a distinct advantage over other methods, namely, its potential for greater interpretability and deeper inference. Ultimately, to identify liability (or protective) alleles, researchers want to know what haplotypes carry alleles imparting greater disease liability. Results of our simulation show that other inferential methods, although powerful, often produce misleading information about which haplotypes determine liability. By contrast, when the evolutionary model is correct, ET-TDT often yields the correct information (table 3) . Thus ET-TDT should be a valuable aid for causal inference. 
Appendix C Inference with Missing Data
With missing data, we require an estimate of the haplotype frequencies in the population. Define w p i . We set to ensure identifiability. As in 
The total partial score for the ith family is obtained by taking a weighted average of the partial score obtained for each consistent scenario:
The total partial-score vector, , is obtained by summing u the contributions over all families. For inferences, the natural partitioning is . The matrix of neg- J p .
(j) ( P) ( P) [ ] J J u gb (j) gg(j)
As described by Clayton (1999) , the corresponding term for the entire set of allowable configurations for the ith subject is The latter term is also evaluated at . As before, (d p 0,l ) 0 the score test is a 1-df test, which is asymptotically distributed as a under the null hypothesis.
2
x 1 Expressions for u (C) and J (C) are given in Appendix B. The score for the parental likelihood is of the form (P) u , where is the number of paren-
